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ABSTRACT
To collect and dispose growing amounts of municipal solid waste
(MSW) changed to be a hot topic along with the rapid urbaniza-
tion in past decades. Cities are more and more dependent on the
incineration instead of landfilling due to the cost-efficiency and
environmental concerns. Considering the limited number of incin-
eration plants and complicated situation of transportation in both
spatial and temporal dimensions in different cities, the optimal
routing for waste collection turns to be meaningful research topic.
In this research, the ant colony optimization (ACO)-based multi-
objective routing model coupled with min-max model and
Dijkstra’s algorithm is proposed to address the question of which
route to take from these waste-generating points to the target
incineration plant(s) considering travel time, accident probability
(black spots), and population exposure, so as to support the rout-
ing decision-making. The model is successfully implemented in
Singapore and the effectiveness of the model has also been
justified. Besides, few limitations of this research have also been
discussed, some of which would also be the future directions of
our research, especially the design and integration of a web-based
routing decision-making support system.
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1. Introduction
As urbanization continues apace, it becomes increasingly imperative for planners to find
efficient and sustainable means to collect and dispose growing amounts of municipal
solid waste (MSW). Instead of traditional landfilling, cities are now relying more and
more on incineration to treat MSW due to the advantages of more efficient energy
recovery and less greenhouse gas emissions (Han et al. 2010). From another perspective,
the market for waste-to-energy technologies is expected to increase fivefolds by 2022
(Pike_Research 2012).
Incinerating waste can reduce its mass by up to 90%, hence decreases the demand
for landfills for final disposal. It can be capitalized on to provide more cost-efficient
waste collection regimes – if waste can be combusted before the scientific selection of
the shorter, fewer, safer trips towards the incineration plants. It is prudent to look into
this because the collection of MSW often accounts for the bulk of waste management
budgets (Tavares et al. 2009), and thus even a slight improvement in waste collection
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operations would reap substantial cost savings (Kulcar 1996, Karadimas et al. 2007, Xue
et al. 2015).
Incineration plants generally exist in small numbers and are situated far away from
waste generation points. After choosing the target incineration plant for different waste
generation points, the next complication arises from the question on how to choose the
best transportation route of waste from these waste generation points. It is imprudent to
merely take the shortest path because the transportation of waste requires heavy
vehicles which are prone to cause major accidents, and waste is an obnoxious substance
that the public want to avoid. Under the consideration of these different factors, the
route selection could be recognized as a spatial multi-objective optimization problem,
where operational cost, accident cost, accident risk and the exposure to the public need
to be simultaneously considered.
Regarding spatial multi-objective optimization problems, due to the conflicts among
different considerations, there may be no real optimal solution that could reach the best
values for different objectives at the meantime. But it is still possible to find these
optimal/near-optimal solutions that could achieve a compromise among different objec-
tives (Jozefowiea et al. 2008, Cao et al. 2011, Cao, Huang, Wang, and Lin, 2012, Cao and
Ye 2013). This routing problem can be considered as a multi-objective shortest path
problem (MOSP) (Li et al. 2013b). A common approach to solve the MOSP is to down-
scale it to a single-objective optimization by using a weighted sum method on these
objectives and the Dijkstra’s algorithm, but this method is found to be problematic (Li
et al. 2013a) in some cases. The weighted sum may ignore some good solutions caused
by lack of prior preferences on different objectives or the situation that the solutions
space is non-convex. On the other hand, using a brute-force method to solve the MOSP
will be very computationally intensive or even infeasible within a large combinatorial
solution space, and hence more advanced optimization methods or models need to be
utilized (Doerner et al. 2004). As such, one of such kind of methods is the ant colony
optimization (ACO), which is a meta-heuristic method widely used to solve hard combi-
natorial optimization problems (Dorigo and Socha 2007).
This paper aims to develop an ACO, coupled with min-max model and Dijkstra’s
algorithm, to address the following question: which route to take from these waste-
generating points towards the specific incineration plant, with the specific context in
Singapore, in order to support the routing decision-making. The detailed routing model
will be introduced, using a modified ACO, to solve the multi-objective spatial optimiza-
tion problem of finding the optimal route(s) for waste transportation. Finally, the
effectiveness of the proposed model will be tested within the context of Singapore,
followed by the conclusion of this research and discussion of the research directions in
the future, especially the integration of the cyber environment for better routing
decision-making support.
2. Background of research
Studies on routing problems within the topic of waste collection varies a lot, they differ
in, inter alia, the type of waste, scope, method and optimality of solution being used to
frame or solve the problem (Kim et al. 2006, Belien et al. 2012). To find the least-cost
path for a truck to visit all bins in an area can be defined as a travelling salesman
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problem (TSP), which is one of NP-hard problems (Dorigo and Socha 2007). And many
heuristic methods have been widely employed to solve such kind of problems.
Karadimas et al. (2007) defined the routing problem as an asymmetric TSP to take into
account the fact that the direction of travel between two bins will affect the cost of
travel. The authors made use of the ACO to solve the problem in the context of Athens
and found that with appropriate input parameters, the algorithm can reach an optimal
solution quickly.
With the extra complexity of considering multiple objectives, heuristics is naturally a
widely researched method to solve MOSPs. The examples include urban school bus
route planning, mobile healthcare facilities tour planning and transportation of hazar-
dous substances (Jozefowiea et al. 2008). In a series of studies, Li et al. have innovatively
studied the multi-objective path optimization for transportation of dangerous goods in
Hong Kong based on compromise programming, Dijkstra’s algorithm and genetic algo-
rithm (Li and Leung 2011, Li et al. 2013a, 2013b), of which seven objectives were
considered, including travel time, accident probability, on-road and off-road exposure
risk, people with special needs at risk, negative impacts on the economy and emergency
response capabilities. In this research, considering the characteristics of MSW, only three
objectives will be considered, including travel time, accident probability (black spots)
and population exposure.
As mentioned earlier, many different heuristic methods can and have been widely
employed to solve different optimization problems, of which the ACO has been widely
adapted to different multi-objective optimization problems (Angus and Woodward
2009). It has also been proved to have better performance over other meta-heuristics,
such as Pareto simulated annealing and non-dominated sorting genetic algorithm
(Doerner et al. 2004). Doerner et al. (2007) utilized ACO to find tours for mobile
healthcare facilities in Senegal that considered the effectiveness of healthcare workers,
average accessibility to and coverage of residents. Li et al. (2009) made use of it to find
optimal sites for a hypothetical facility in Guangzhou, China, taking into consideration
the distance from existing roads and population coverage. Hou et al. (2014) also
efficiently applied it to optimizing the spatial allocation of water resources in Henan
Province, China, by defining optimality through economic, social and ecological benefits.
These studies acknowledged the effectiveness and efficiency of ACO in providing a
random global search for good solutions and fast convergence to a set of good solution
candidates, which enables it to solve multi-objective optimization problems accurately
and efficiently. Therefore, in this research, the ACO coupling with min-max model and
Dijkstra’s algorithm will be adapted to solve the multi-objective routing problem. And of
course, GIS software will also be utilized to facilitate analysis of the road network,
manipulation of spatial data and visualization of results.
3. Methods
In this proposed routing model, the ACO is utilized to find the optimal routes on the
Pareto front, which would be the compromising solution(s) of all the three objectives.
The ACO algorithm uses artificial ants to ‘walk’ from an origin (a waste generation point)
to a destination (the allocated plant).
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3.1. Brief introduction to ACO
The ACO, as the name suggests, is inspired by the behaviour of real ant colonies when
finding the shortest path between their nest and a food source. They do so through self-
organization and reinforcement learning, using the accumulation and identification of a
pheromone trial (Gutjahr 2002).
Figure 1 illustrates how ants cooperate to find the shortest path. First, ants begin to
explore routes to the food source in a space with no pheromone. Due to identical
probability, a roughly equal proportion of ants will choose either route ABD or ACD
(Figure 1(a)). As they move along the routes, pheromones will be deposited. The ants
moving along route ABD will reach the food first and return back to the nest, hence
accumulating more pheromone on the route than on route ACD (Figure 1(b)). When the
ants next leave the nest, there is a higher probability for them to select the route with
more pheromone, thus favouring route ABD. At the same time, pheromone on route ACD
will evaporate, which increases the probability of choosing route ABD. Probabilistically
speaking, more ants will now move through route ABD, further reinforcing the amount of
pheromone. Over time, enough pheromone will be deposited on the shortest route and
the ants will converge to using it (Figure 1(c)). The ACO creates artificial ants to imitate this
behaviour to tap on the capabilities of extensive exploration of the solution space and
intensive exploitation of local heuristic information to find (near)optimal solutions.
3.2. Attribute and pheromone matrices
Nodes and arcs are used to represent the road network through which the ants will
walk. The nodes represent junctions and are arbitrarily numbered N ¼ f1; 2; . . . ; ng,
where n is the total number of nodes. The arcs represent each stretch of road connect-
ing node q and node r, and can be denoted as A ¼ fðq; rÞjq; r 2 Ng. Each arc will have its
associated attribute values csqr , where s represents the three objectives and ðq; rÞ 2 A.
These values are stored as matrices, as shown in Figure 2.
Each arc will also have associated pheromone values and heuristic information,
represented by τqr and, ηqr respectively. They will similarly be stored in matrices as
described before. In this study, except for the heuristic information, the bidirectional
nature of roads will not be considered in order to simplify the problem – that is csqr ¼ csrq
and τqr ¼ τrq.
Figure 1. Ant swarm intelligence in finding shortest route to food source (adapted from X. Li et al.
(2009)).
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3.3. Constructing ant solutions
The ants will construct paths from the origin node, o, to the destination node, d, and will
do this for m number of iterations. In the beginning of each iteration, all ants will be
placed at o, and begin to find a path to d. To do so, each ant will select a connecting arc
from its present node to the next node by the probability function
pxqrðmÞ ¼
½τqrðmÞα  ½ηqrðmÞβP
ðq;rÞ2A
½τqrðmÞα  ½ηqrðmÞβ
(1)
where pxqrðmÞ is the probability of ant x moving from present node q to a connected
node r at iteration m, and α and β 2 ð0;1Þ are parameters to set the relative importance
of pheromone and heuristic information, respectively (Dorigo and Socha 2007).
At the start, the amount of pheromone on each arc is set to a very small value.
Because ants will likely move towards the food source (i.e. destination) instead of away
from it, the heuristic function, ηqr , is modified into a direction function in this path-
finding problem (Li et al. 2009). To calculate it, the Euclidean distance of each node to
the destination is first derived. And then the difference between the values for every two
connected nodes could be obtained. The final heuristic information entered as a matrix
is a normalized value of these differences ranging from 0 to 1. In other words, if an arc
brings an artificial ant to a node nearer to the destination, ηqr 2 ð0:5; 1; if to a node
further away, ηqr 2 ½0; 0:5Þ; and if to a node roughly the same distance from the
destination, ηqr  0:5. An ant will select nodes to visit in this manner until it reaches
d. While doing so, the sequence of nodes it visits will be recorded as the path it has
taken, and the randomly initialized solutions could be constructed. In order to ensure
the accuracy of the initialized solutions, three solutions obtained using Dijkstra’s algo-
rithm for the three objectives separately are also set as part of the initialized solutions.
Figure 2. Matrices to store attribute values of arcs.
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Because walking a loop would incur unnecessary costs (Figure 3), some modifications
to the traditional ACO are being made. If the ant is positioned at a node where all
neighbouring nodes have been visited before, the ant will be regarded as walking into a
dead end. It will stop constructing a complete path for this iteration so that the
algorithm quickly moves on to the next ant. By disregarding solutions of ants that are
‘stuck’, the algorithm saves time constructing a complete path, calculating its optimality
and updating the pheromones based on it. This makes the algorithm run more effi-
ciently and the pheromone updating more accurate. If all ants are stuck in a particular
iteration, the path construction step will be repeated.
3.4. Calculating optimality of solutions
After all ants have constructed their paths to d (or have ended up being stuck), the raw
scores for each objective, and for each ant with a complete origin-destination path, are
calculated. The objectives are as follows:
(i) Travel time: This serves as the proxy for economic cost that collection companies
wish to minimize.
(ii) Accident rates: The accident rate on each stretch of road will be indicative of the
risk associated with the use of the road, which should also be minimized.
(iii) Population exposure: The route should avoid areas with residential or commer-
cial use. This is because waste is an obnoxious substance that people want to
avoid. In addition, if the collection truck is involved in an accident, the number
of people in the vicinity of the accident site should also be minimized to avoid
inconvenience caused to the public. In this study, a smaller 200 m buffer is used
in the context of MSW collection.
Figure 3. Example of an ant walking in a loop and incurring unnecessary cost.
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Thereafter, an optimality index is calculated. It can be denoted as FðXÞ ¼ P3
s¼1
wsðcsxÞP
 1=P
,
where F is the optimality index; X, is the path constructed by ant x; ws 2 ð0; 1Þ, is the
weight given to each of the three objectives such that
P3
s¼1
ws ¼ 1; and csx , is the normal-
ized score of path X for objective s. The normalized score is given by
csx ¼
P
ðq;rÞ2X
csqr mins
maxs mins (2)
where mins and maxs are the minimum and maximum raw scores of objective s. These
values are obtained from pre-testing using Dijkstra’s algorithm and random experi-
ments, respectively. When P = 1, the F(X) is equivalent to the weighted sum formulation,
while P = ∞, it turns to be a min-max problem (Li and Leung 2011), which could truly be
capable of obtaining the solutions on the Pareto front even if the solution space is non-
convex. Thus, the optimality of solutions could be represented as follows:
FðXÞ ¼ minðmaxðwscsxÞÞ (3)
In detail, the ants will construct paths randomly. For each solution route, the normal-
ized scores for the three objectives are calculated. The maximum of these objectives for
each solution route is determined. The minimum of these maximized values is used to
update the pheromones. All solution routes are compared with the holding matrix to
determine if they are Pareto non-dominating routes. If a new created solution already
dominates a solution in the holding matrix, the former replaces the latter.
After the final iteration is complete, the final global solutions (routes on the Pareto
front) and the associated raw scores can be used as output results for further analysis
and discussion.
3.5. Updating pheromones
After every iteration, the pheromone matrix will be updated according to the equation:
τqrðmþ 1Þ ¼ ð1 eÞτqrðmÞ þ ΔτqrðmÞ (4)
where τqrðmþ 1Þ and τqrðmÞ are the amount of pheromone at iteration m + 1 and m
respectively, and e 2 ð0; 1Þ is the evaporation rate. This means arcs that are less travelled
will soon have its pheromones completely evaporated and have a very low possibility of
being travelled upon by the artificial ants in subsequent iterations. Next, there will be an
accumulation of pheromone through
ΔτqrðmÞ ¼ a if ant x uses arc ðq; rÞ 2 A0 otherwise

(5)
The parameter a is a positive value to adjust the magnitude of pheromone being
deposited if ants visit the arcs.
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3.6. Implementation of algorithm
The above steps are coded on MATLAB R2014a, and the algorithm was tested on a
Macbook Air machine, with a 1.86 GHz Intel Core 2 Duo processor and 4 GB RAM. The
details of the implementation of the proposed model will be introduced in the following
section. Besides, ESRI’s ArcGIS will be used again to present the routing results.
4. Case study: Singapore
4.1. Background information
Singapore is a city-state with a fully urbanized population (Heilig 2012). From 1970 to
2013, there was a sixfold growth in disposal of MSW from 1260 to 8289 tonnes/day (t/d)
(NEA 2014). This trend shows no signs of abating; it is expected that 10,110 t/d of waste
will be disposed in 2030, which is a 22% increase from 2013.1 At this rate, not only will
there be difficulties in finding space to build more disposal facilities, there will also be
challenges in devising a waste collection regime that manages to cope with greater
waste volumes, whilst being economically efficient and environmentally friendly.
Because Singapore is situated in the tropics, waste – especially organic waste – can
create public health problems if left to putrefy under the hot and humid weather. Daily
collection of waste is therefore required to prevent these negative impacts (Lee 2008).
From the rudimentary methods of using manual labour and pushcarts in the 1950s to
today’s professional system of using skilled labour and mechanized equipment, the
waste collection system has undergone an immense transformation (Tan et al. 2008).
Before the turn of the century, the responsibility to provide waste collection services was
transferred from the government to private waste collectors (WCs), over which the
National Environment Agency (NEA) has oversight.
Currently, all combustible waste has to be transported to any of the four incineration
plants – three in the west and one in the north (Figure 4). Incineration is an integral
strategy of Singapore’s waste management strategy as it is able to reduce waste mass by
90%. After waste is burnt, the remaining ash has to be transported to the Tuas Marine
Transfer Station to be sent to Semakau Landfill.
Despite vast improvements in efficiency of waste collection, the industry still faces
growing operational costs (NEA 2012). Due to the large amount of waste to be disposed,
collection trucks make as many as about 1000 trips around the island every day. The
model proposed to identify the optimal routes for waste transportation is also highly
relevant and meaningful to Singapore. There is also an urgent need to bring down the
increasing number of fatalities resulting from accidents which involve heavy vehicles. In
2013, there were 44 such fatalities, which is a 40% increase from 32 in 2012 (Tai 2014). A
major accident happened in July 2014, involving a waste collection truck and a public bus,
which resulted in 12 injured (Goy 2014). The results of the routing model can be used to
inform policies that help arrest the undesirable trend of increasingly accident-prone roads.
4.2. Data sources
The data used in this case study are provided by various government agencies, namely:
the NEA, the Urban Redevelopment Authority (URA), the Land Transport Authority (LTA),
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the Department of Statistics (SingStat) and the Singapore Statutes Online (Table 1). The
areal units used in this study are the subzones used by the URA.
4.3. Data preparation for routing model
4.3.1. Preparing matrices
The road network is taken to be the main roads of Singapore. After extracting only the
main roads, the final road network used for analysis consists of 427 nodes and 740 arcs.
Appropriate proxies are then selected for the three objectives that the routing model
aims to optimize. The final proxies being used are as follows:
(i) Travel time: This is calculated by dividing the distance between two nodes by
the normal travelling speed, which is taken to be the speed limit on each road.
Figure 4. Waste disposal infrastructure in Singapore.
Table 1. Data sources.
Data Data format Data source
Waste Statistics Textual NEA
Subzones Shapefile URA
Master Plan 2014 Image URA
Road Section Lines Shapefile LTA
Black Spots (i.e. roads with high incidence of accidents) Textual LTA
Population Tabular SingStat
Speed Limit on Roads Textual Singapore Statutes
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Where the speed limit of a road is not stated, it is taken as the default 50 km/h.
The matrix for this objective is recorded as minutes taken to travel each arc,
and the objective is to minimize the amount of time taken to traverse the
route.
(ii) Accident rates: A road is regarded as having a high accident risk when it is
listed in the LTA’s Black Spots Programme. The programme is an initiative to
identify roads with high incidence of accidents so that targeted measures
can be taken to make roads safer (LTA 2014). The matrix for this objective is
recorded as a binary – that is, if a road is a ‘black spot’, it is assigned 1, and
if not, 0. The objective is to minimize the use of roads identified as black
spots.
(iii) Population exposure: The area for residential and commercial use within 200 m
of each road was calculated from the Master Plan 2014. The master plan was
converted into a raster and hence the matrix for this objective is recorded as the
number of pixels – representing residential and commercial areas – within the
200 m buffer of each road. The objective is to minimize the number of such
pixels within 200 m of the route.
4.3.2. Setting parameters
Several important input parameters – α, β, e and a – severely impact the performance
of the algorithm. It is, however, beyond the scope of this paper to give a detailed
account of how the algorithm performed when these variables were changed. The final
parameters were chosen after several rounds of simulations to ensure the ants ade-
quately search the whole road network by testing different routes, and yet converged
to a route before the algorithm is terminated. Each parameter was altered marginally
at any one time, while keeping the others constant, to observe how it affects the
performance of the ACO. The final parameters used are α = 1, β = 2, e = 0.005 and
a = 0.0003.
In order to flexibly enable the ants to explore as much of the solution space as
possible, the weights of different objectives ws would be adaptive to iteration process.
After the sensitivity analysis by multiple times of testing, the initial weights are set as
[2, 3, 1] for the objectives of traveling time, accident rates (black spots) and population
exposure. If a run of the ACO mostly minimized the certain particular objective, the
weight of the objective will be reduced by 0.2, while the remaining two weights of the
other two objectives will be increased by 0.1.
Furthermore, the number of iterations for each run of the ACO, m; the number of the
runs of the ACO, t; and the number of ants, x, also need to be specified. Again, these
parameters should be set at a value where the ACO is given sufficient time to explore
the solution space, yet converging to an optimal route within a computationally accep-
table time. In this study, m = 100 and x = 200 are utilized. In addition, the number of the
runs of the ACO could also be replaced by other termination conditions, such as the
number of the solutions on the Pareto front, which will be employed in this research and
set to be 30.
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5. Results
5.1. Results from experiments
Drawing on the results from the allocation model, Tampines is chosen as an illustrative
example of how the transportation route to Tuas can be determined by the model. This
area has been allocated Tuas’ incineration capacity even though it is situated very far
away in the eastern part of Singapore. Hence, the capability of the routing model to
achieve compromise solutions can be clearly demonstrated using this example.
5.1.1. Single-objective routing based on Dijkstra’s algorithm
Figure 5 shows the routes determined by the Dijkstra’s algorithm when optimality is
defined as minimizing each objective in turn. As can be seen, the routes are very
different and extreme. When travel time is minimized (Figure 5(a)), the number of
black spots included in the route is significantly high. The route uses the Pan Island
Expressway (PIE) before crossing over to the Ayer Rajah Expressway (AYE), and this
utilization of expressways to minimize travel time is an expected result. When the
number of black spots included in the route is minimized (Figure 5(b)), there is com-
promise in the other two factors. The route is seen to have many detours just to avoid
black spots, with no regard for, say, the time taken to travel from origin to destination.
The same applies when the population exposed is minimized (Figure 5(c)). The route
makes a big detour to the Kranji area, where land is largely used for agriculture, so as to
avoid residential areas. However, the route has a high travel time and high accident risk.
All the three solutions will be utilized as part of the initialized solutions for the further
running of the proposed integrated model.
5.1.2. Running the proposed model
After running the proposed model in 1126 seconds, totally 30 non-dominated solutions
have been obtained. The values of the three objectives for all the 30 solutions on the
Pareto front could be seen as follows.
From Table 2, it can be noted that the routes 1 and 2 have replaced the Dijkstra’s
algorithm’s route 2, which can clearly demonstrate that Dijkstra’s algorithm may also fail
to find the solution on the Pareto front by itself.
Besides, all the 30 Pareto front solutions could be seen intuitively in Figure 6.
In Figure 7, the change of the numbers of Pareto front solutions generated per run of
the ACO could also be seen, which could also explicitly demonstrate the capability of the
proposed model to obtain the solutions on the Pareto front through iterations.
5.2. Routing decision-making support
5.2.1. Two representative scenarios
When dealing with multi-objective or multi-criteria problems, the analytic hierarchy
process (AHP) is often used to determine weights assigned to each criterion. It is a
decision-making tool that requires the pair-wise comparison of all criteria (Vaidya and
Kumar 2006). This requires users to input how each criterion’s importance compares
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with that of another, as represented on a scale from 1 to 9, with 1 being ‘equally
important’ and 9 being of ‘extreme importance’.
To reflect the multi-stakeholder nature of the MOSP, an effort was made to reach out to
(i) public agencies and (ii) WCs to reflect different views in the relative importance of the
objectives. The NEA responded, and the information can been seen in Table 3(a). However,
their choice to give accident rates the highest priority is unrealistic for a WC, whose
Figure 5. Routes determined by minimizing each objective (minimized values in bold).
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bottom line must be given due consideration. Despite repeated assurance of anonymity,
requests to several WCs were either declined or ignored. Therefore, Table 3(b) shows a
guesstimate of how a WC would have responded. It is important to provide this perspec-
tive because it is ultimately up to WCs to determine the transportation routes, notwith-
standing all the regulations in place.
The final weights derived are 0.05 for travel time, 0.79 for accident rate and 0.16 for
population exposure, for the ranking by NEA; and 0.60, 0.20 and 0.20, respectively, for
the hypothetical case by a WC. These weights were used in turn to calculate the
optimality index to explore the ideal paths derived per each stakeholder’s preference
so as to support the decision-making on the selection of the routes.
Figure 8 illustrates two alternative routes (there could be more), which are on the
Pareto front and perform as the top two solutions according to the weights derived from
NEA ranking of the objectives given high priority to minimize accident risks, and are
quite similar. The routes use the East Coast Parkway (ECP) and then West Coast Road
with slight difference. Both of them pass zero black spots but do not manage to
minimize travel time and population exposure.
Figure 9 illustrates another two alternative routes (there could be more), which are on
the Pareto front and perform as the top two solutions according to the weights derived
from the hypothetical ranking of the objectives from WC. Apparently the two alternative
routes give priority to the objective of travel time rather than the black spots and
Table 2. Values of the three objectives for the 30 solutions on Pareto front.
Route Travelling time (minutes) Black spots (number) Population exposure (in thousands)
1 44.05 0 15.748
2 44.11 0 14.588
3 45.28 1 13.321
4 46.62 1 13.098
5 43.09 2 16.119
6 43.77 2 15.754
7 43.83 2 14.594
8 41.08 3 14.246
9 42.16 3 13.350
10 42.62 3 13.271
11 43.96 3 13.048
12 45.81 3 12.965
13 45.96 3 12.825
14 47.81 3 12.742
15 42.78 4 13.248
16 44.12 4 13.025
17 45.5 4 12.983
18 54.58 4 12.207
19 38.3 5 12.663
20 39.64 5 12.440
21 48.57 5 12.218
22 49.91 5 11.995
23 48.26 6 11.822
24 49.6 6 11.599
25 37.1 7 12.894
26 43.1 7 12.186
27 47 7 12.092
28 42.14 8 12.231
29 36.46 11 16.818
30 56.99 11 10.866
566 W. XUE AND K. CAO
population exposure. Both of them use the Tampines Expressway (TPE) and the Kranji
Expressway (KPE) with slight difference.
All these routes are Pareto-optimal as none of them are better than the other in
all objectives. They are a set of compromising solutions, presenting different out-
comes depending on which criterion is given the highest importance. These results
Figure 7. Number of Pareto front solutions generated per run of the ACO.
Figure 6. Solutions on the Pareto front plotted in 3D.
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based on different weights and visualized using GIS will serve as useful materials
when different stakeholders come together to negotiate an optimal outcome.
Because of the special structure of the model, which manages to do the calculation
of all these Pareto front solutions at the beginning, the computation for creating
the alternative routes to support the routing decision-making could be real-time,
which could demonstrate the novelty of our proposed model and its capability to
support the routing decision-making for these stakeholders. The case study is in the
context of waste collection in Singapore, but the proposed model could be flexibly
adapted to any other similar applications for spatial multi-objective optimization
problems.
6. Conclusion and discussion
This paper has developed and tested a routing model for MSW collection. The routing
model is capable of constructing optimal/near-optimal and diverse transportation routes,
which are compromises of multiple objectives considered. The results of the routing model,
which is an adaptation of the ACO coupling with min-max model and Dijkstra’s algorithm,
proved to be both effective and efficient. This study is innovative in several ways. It is a
state-of-the-art design of the proposed model, ACO coupling with min-max model and
Dijkstra’s algorithm, which is capable of solving the MOSP problem based on the Pareto
front innovatively. The loosely couplingmodel canmaximize the strengths of these different
models and fill up the gap brought by these models separately. The design of adaptive
weights setting could also bring the proposed model the better capability to explore the
solutions space on the Pareto front. The proposed model also brings a new way to improve
the efficiency of the algorithm in solving such kind of MOSPs by stopping the ants from
constructing a route when theymake a loop. The case study has not only demonstrated the
capability of the proposed model to search for the optimal routes on the Pareto front but
also elaborated the capability of the model to support the routing decision-making within
the context of waste collection in Singapore.
Table 3(b). Guesstimate of pair-wise comparison for the objectives done
by WC.
Factor 1 Factor 2
9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9
Travel time Accident rate
9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9
Travel time Population exposure
9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9
Accident rate Population exposure
Table 3(a). Pair-wise comparison for the objectives done by NEA.
Factor 1 Factor 2
9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9
Travel time Accident rate
9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9
Travel time Population exposure
9 8 7 6 5 4 3 2 1 2 3 4 5 6 7 8 9
Accident rate Population exposure
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In summary, this proposed model serves as a useful tool to help answer operational
question that waste collectors face on a quotidian basis: take which route to send our
waste to the target incineration plant. The model also presents a quantitative-subjective
approach to answering this question instead of relying on perceptions of drivers, who
may be biased. While the case study presented here is in the context of Singapore, the
models are highly adaptable to other context as long as the city has a similar config-
uration for waste management, or even can be adapted to solve other spatial multi-
objective optimization problems.
Of course, there is still room for improvement. In this research, the road network used
is a simplified one, where a single arc represents each stretch of road, regardless of the
Figure 8. The top two solutions according to the weights derived from NEA ranking.
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number of lanes, direction of travel or whether it is underground. Furthermore, the
routing model has assumed the characteristics of the roads to be static. In reality, the
travelling speed and number of cars on the roads are highly dependent on the time of
the day. All these have not been incorporated in the current routing model. Last but not
least, a user-friendly cyber environment also plays a very important role in decision
support. An innovative interface design, more state-of-the-art cyber technologies
Figure 9. The top two solutions according to the weights derived from WC ranking (hypothetical
case).
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implementation and more options of effective and efficient optimization models would
also be definitely our research directions in the future.
Note
1. The authorities are expecting waste generation to reach 12.3 million tonnes in 2030 (The
Straits Times, 17 June 2014). Assuming a recycling rate of 70%, the amount of waste
disposed per day will be 10,110 t/d.
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